The concern about significant changes in the business environment (such as customer demands and transportation costs) has spurred an interest in designing scalable and robust supply chains. This paper proposes a robust optimization model for handling the inherent uncertainty of input data in a closed-loop supply chain network design problem. First, a deterministic mixed-integer linear programming model is developed for designing a closed-loop supply chain network. Then, the robust counterpart of the proposed mixedinteger linear programming model is presented by using the recent extensions in robust optimization theory. Finally, to assess the robustness of the solutions obtained by the novel robust optimization model, they are compared to those generated by the deterministic mixed-integer linear programming model in a number of realizations under different test problems.
Introduction
An effective, efficient and robust supply chain is a sustainable competitive advantage for countries and firms and helps them to cope with increasing environmental turbulences and more intense competitive pressures. A supply chain is a network of supplier, production, distribution centers and channels between them organized to acquire raw materials, convert them to finished products, and distribute final products in an efficient way to customers. Supply chain network design is one of the most important strategic decisions in supply chain management. In general, network design decisions include determining the numbers, locations and capacities of facilities and the quantity of flow between them [1] .
In recent decades, many companies such as Kodak, Xerox and HP have focused on remanufacturing and recovery activities and achieved significant successes in this area [2] . Meade et al. [3] classify driving forces led to increased interest and investment in reverse supply chain into two groups: environmental factors and business factors. The first group includes environmental impacts of used products, environmental legislations and growing environmental consciousness of customers. Business factors are related to economic benefits of using returned products and liberal return policies for gaining customer satisfaction. Reverse supply chain network design includes determining the numbers, locations and capacities of collection, recovery and disposal centers, buffer inventories in each site and the quantity of flow between each pair of facilities.
The design and establishment of the supply chain network is a strategic decision whose effect will last for several years, during which the parameters of the business environment (e.g. demand of customers) may change [4] . Thus, some critical parameters such as customer demands are quite uncertain. On the other hand, since opening and closing a facility is very expensive and takes a considerable time, making changes in facility location decisions with respect to parameters fluctuations is impossible within a short time. Therefore, the supply chain being designed should be robust with respect to the 0307-904X/$ -see front matter Ó 2010 Elsevier Inc. All rights reserved. doi:10.1016/j.apm.2010.07. 013 As the body of literature about reverse supply chain network design shows, mixed-integer programming (MIP) models are the common models used in this area. These models range from simple uncapacitated facility location models to complex capacitated multi-stage or multi-commodity models. The common objective of these models is to determine the least cost system design, that is usually involves making tradeoffs among fixed opening costs of facilities and transportation costs. Melo et al. [20] and Klibi et al. [21] present comprehensive reviews on supply chain network design problems to support variety of future research directions. At below, we review the literature in two separate but very close and complementary research streams, i.e., the reverse and closed-loop supply chain network design areas.
Reverse supply chain network design
As early as 1997, Fleischmann et al. [22] presented a comprehensive review on the application of mathematical modeling in reverse logistics management. As one of the seminal works in reverse supply chain network design, Barros et al. [23] proposed a MILP model for a sand recycling network. A heuristic algorithm is also used to solve the problem. Jayaraman et al. [24] developed a MILP model for reverse logistics network design under a pull system based on customer demands for recovered products. The objective of the proposed model was to minimize the total costs. Also, Krikke et al. [25] designed a MILP model for a two-stage reverse supply chain network for a copier manufacturer. In this model, both the processing costs of returned products and inventory costs were included in the objective function to minimize the total cost. Jayaraman et al. [26] extended their prior work to solve the single product two-level hierarchical location problem involving the reverse supply chain operations of hazardous products. They also developed a heuristic to handle relatively large-sized problems. Min et al. [27] proposed a mixed-integer nonlinear programming (MINLP) model and a genetic algorithm that could solve a multi-period reverse logistics network design problem involving both spatial and temporal consolidation of returned products.
Aras et al. [28] developed a MINLP model for determining the locations of collection centers in a simple reverse supply chain network. The important point about this work was the capability of presented model in determining the optimal buying price of used products with the objective of maximizing profit. They developed a heuristic approach based on tabu search to solve the model. Pati et al. [29] proposed a mixed-integer goal programming (MIGP) model for paper recycling logistics network design. The considered goals include: (1) minimizing the positive deviation from the planned budget allocated for reverse logistics activities, (2) minimizing the positive deviation from the maximum limit of non-relevant wastepaper and (3) minimizing the negative deviation from the minimum desired waste collection.
Demand uncertainty and also uncertainty in the type and quantity of returned products are the important factors that should be considered in the design of reverse and closed-loop supply chain networks. According to this fact, Listes and Dekker [5] proposed a stochastic mixed-integer programming (SMIP) model for a sand recycling network design to maximize the total profit. This research was an extension of the work done by Barros et al. [23] . Lieckens and Vandaele [30] combined the traditional MILP models with queueing models to cope with high degree of uncertainty and some dynamic aspects in a reverse logistics network design problem. Since this extension introduced nonlinear relationships, the problem was defined as a MINLP model. A genetic algorithm was also developed to solve the proposed model.
Closed-loop supply chain network design
The concept of closed-loop supply chains is now widely garnering attention as a result of the recognition that both the forward and reverse supply chains need to be managed jointly. The configuration of both forward and reverse supply chain networks has a strong influence on the performance of each other. Therefore, to avoid the sub-optimalities resulting from the separated design, the design of the forward and reverse networks should be integrated [19, 31] .
Fleischmann et al. [31] developed a generic model for the design of closed-loop logistics networks. They considered the forward flow together with the reverse flow, allowing the simultaneous definition of the optimal distribution and recovery networks. A MILP formulation was proposed that constitutes an extension of the traditional warehouse location problem. Two previously published case studies were used to test the model and a study on the benefit of integrating both chains was performed. Salema et al. [6] tried to generalize the Fleischmann et al. [31] model and developed a model for multi-product networks under demand uncertainty using stochastic mixed-integer programming approach.
Üster et al. [2] designed a closed-loop supply chain network in which the forward network is existed and only collection and recovery centers must be located. The model optimizes the direct and reverse flows simultaneously. An exact solution method was developed based on Benders decomposition technique.
Listes [32] proposed a generic scenario-based stochastic programming model for the design of integrated forward/reverse supply chain network design. A decomposition method was presented to solve the model in large-sized instances based on the branch-and-cut procedure.
For designing a closed-loop multi-commodity logistics network for third party logistics providers (3PLs), Min and Ko [33] proposed a multi-period MILP model for determining the number and location of repair facilities, where returned products from retailers or end-customers were inspected, repaired, and refurbished for redistribution. In order to solve the model, a genetic algorithm was developed. Lu and Bostel [34] considered a two-level location problem with three types of facilities to be located in a remanufacturing network. They proposed a mixed-integer programming model considering the both forward and reverse flows and their interactions at the same time. A lagrangian-based heuristic was developed to solve the proposed model. Finally, Pishvaee et al. [19] proposed a bi-objective MILP model maximizing the network responsiveness and minimizing the total costs in a closed-loop supply chain network including both forward and reverse flows. To solve the proposed bi-objective MILP model, a memetic algorithm was developed.
A more detail classification of the literature is illustrated in Table 1 by considering three characteristics: supply system, network structure and type of modeling. The characteristics of the concerned problem have also been presented in the last row of Table 1 .
As summarized above, a majority of existing reverse and closed-loop logistics network design models neglect the uncertain nature of various input parameters in a strategic planning horizon. Even, in a few papers that the uncertainty in parameters is considered, the uncertainty is modeled through stochastic programming. As mentioned in Section 1, there are several major drawbacks that make the application of stochastic programming approach impossible in real network design cases. Instead, this paper proposes a general and practical, but tractable, robust optimization model for closed-loop supply chain network design problem that is able to (1) integrate the design of both reverse and forward supply chain networks, (2) support both opened-loop and closed-loop network structures and (3) handle the uncertainty in parameters in real cases when sufficient historical data are not available.
Problem definition
The concerned market to market closed-loop supply chain network (MMCSCN) in this paper is a multi echelon network including customers at both first and second markets, as well as collection/inspection, recovery, disposal and redistribution centers with limited capacities. As it is illustrated in Fig. 1 , the returned products are collected in the collection/inspection centers and after testing the recoverable products are shipped to recovery facilities, and scrapped products are shipped to disposal centers. Disposal may include any form of recovery that is outsourced to a third party, e.g. recycling. With this strategy excessive transportation of returned products (especially scrapped products) is prevented and the returned products could ship directly to the proper facilities. The recovered products are shipped to the customers of second market through redistribution centers. The returned products are shipped from the first market to recovery facilities through a push mechanism and recovered products are transported from the recovery facilities to the second market by a pull logistics mechanism.
To specify the study scope, four assumptions and simplifications are postulated in the proposed model formulation as follows. -All of the returned products from first market's customers must be collected, but, shortage is allowed for satisfying the demands of second market's customers. -Multiple sourcing is allowed through all the network layers. -The location of customers and disposal centers are fixed and predefined.
With the above assumptions in mind, the main issues to be addressed by this study are to choose the location and determine the number of collection/inspection, recovery and redistribution centers that represent the degree of centralization of the network, and to determine the quantity of flows between each pair of network facilities. Design of this closed-loop supply chain network may involve a trade-off relationship between the total fixed costs and the total transportation costs.
Model formulation
The following notation is used in the formulation of the MMCSCN model. Returns of used products from customer k s Average disposal fraction cc i
Capacity of handling returned products at collection/inspection i cr j
Capacity of handling recoverable products at recovery center j ce m Capacity of handling recovered products at redistribution center m cd n Capacity of handling scrapped products at disposal center n Costs f i Fixed cost of opening collection/inspection center i g j Fixed cost of opening recovery center j h m Fixed cost of opening redistribution center m c ki Shipping cost per unit of returned products from customer zone k to collection/inspection center i a ij Shipping cost per unit of recoverable products from collection/inspection center i to recovery center j b jm Shipping cost per unit of recovered products from recovery center j to redistribution center m e ml Shipping cost per unit of recovered products from redistribution center m to customer zone l v in
Shipping cost per unit of scrapped products from collection/inspection center i to disposal center n p l
Penalty cost per unit of non-satisfied demand of customer l Variables X ki Quantity of returned products shipped from customer zone k to collection/inspection center i U ij Quantity of recoverable products shipped from collection/inspection center i to recovery center j P jm Quantity of recovered products shipped from recovery center j to redistribution center m Q ml Quantity of recovered products shipped from redistribution center m to customer zone l T in Quantity of scrapped products shipped from collection/inspection center i to disposal center n 
Objective function (1) minimizes the total cost, which includes fixed opening costs and transportation costs. Constraint (2) assures that the demand for all customers is taken into account, either by being satisfied or by being allocated to the nonsatisfied demand variable. Constraint (3) ensures that the returned products of all customers at the first market are collected. Constraints (4)- (7) assure the flow balance at collection/inspection, recovery and redistribution centers. Eqs. (8)- (11) are capacity constraints on facilities. Finally, constraints (12) and (13) enforce the binary and non-negativity restrictions on corresponding decision variables.
The resulting model is a MILP model with (jKIj + jIJj + jJMj + jMLj + jINj) continuous variables and (jIj + jJj + jMj) binary variables. The number of constraints is equal to (jLj + jKj + jNj) + 2(jJj + jMj) + 3jIj, excluding constraints (12) and (13) .
The model can support both closed-loop and opened-loop structures. Specifically, for customers who belong to both markets we have a closed-loop network and for ones who only belong to one of the markets, we have an opened-loop network.
Robust optimization model
Consider the following deterministic linear optimization model.
Based on Ben-Tal and Nemirovski [14, 15] , the related uncertain linear optimization problem that consists of a collection of linear optimization problems can be defined as follows:
In this model, the parameters c, d, A, b vary in a given uncertainty set U. A vector x is a robust feasible solution to problem (14) if it satisfies all realizations of the constraints from the uncertainty setU. Ben-Tal and Nemirovski [35] define the robust counterpart (RC) of problem (14) 
An optimal solution to problem (15) is the optimal robust solution of problem (14) . Such a solution satisfies the constraints for all possible realizations of the data, and guarantees an optimal objective function value not worse thanĉðx Ã Þ. Problem (15) is a semi-infinite linear optimization problem and seems to be computationally intractable. Nevertheless, it turns out that for a wide variety of compact, convex uncertainty sets, the RC model is a tractable (polynomially solvable) convex mathematical problem, typically a linear optimization or a conicquadratic problem (see [15, 36, 37] ).
To work more convenient, the compact form of the MMCSCN model can be stated as follows:
min fy þ cx s:t: Ax P d; Hx ¼ r;
Nx ¼ 0;
Bx 6 Cy; y 2 f0; 1g; x 2 R þ :
Above vectors f, c, r, and d correspond to fixed opening costs, transportation costs, returned products and demands, respectively. The matrices A, B, C, M and N are coefficient matrices of the constraints. Also, all binary decision variables are included into the vector y and all continuous decision variables are included into the vector x.
To develop the robust counterpart of the proposed MMCSCN model, demands, returns and transportation costs between facilities are considered as uncertain parameters. Each of these uncertain parameters is assumed to vary in a specified closed bounded box (see [36, 38] ). The general form of this box can be specified as follows:
where n t is the nominal value of the n t as tth parameter of vector n (n-dimension vector) and the positive numbers G t represent ''uncertainty scale" and q > 0 is the ''uncertainty level". A particular case of interest is G t ¼ n t , which corresponds to a simple case where box contains n t whose relative deviation from the nominal data is of size up to q.
According to above descriptions the robust counterpart of the compact model can be stated as follows:
s:t: fy þ cx 6 z;
Ben-Tal et al. [38] show that in this case (closed bounded box), the robust counterpart problem can be converted to a tractable equivalent model where U box is replaced by a finite set U ext consisting of the extreme points of U box . To represent the tractable form of the robust compact model, Eqs. (17)- (19) should be converted to their equivalent tractable ones. For Eq. (17) we have:
The left hand side of inequality (24) contains the vector of uncertain parameters, while all parameters of the right hand side are certain. Thus, the tractable form of the above semi-infinite inequality could be written as follows:
q c G c t x t 6 g t ; 8t 2 f1; . . . ; n c g; ð25Þ q c G c t x t P Àg t ; 8t 2 f1; . . . ; n c g:
Similarly, for inequality (18) we have:
Thus, it can be rewritten as follows:
Also, we can extend the use of extreme points of the U box to convert the equality constraint (19) to its tractable equivalent equations. To this end, first we have:
h j x ¼ r j ; 8j 2 f1; . . . ; n r g; 8r 2 u By the aid of the extreme points of U box , the abovementioned semi-definite equation can be converted to the following tractable inequalities.
h j x P r j À q r G r j ; 8j 2 f1; . . . ; n r g; ð27:1Þ h j x 6 r j þ q r G r j ; 8j 2 f1; . . . ; n r g:
ð27:2Þ
Finally, with respect to (25) , (26) and (27) 
h j x P r j À q r G r j ; 8j 2 f1; . . . ; n r g; h j x 6 r j þ q r G r j ; 8j 2 f1; . . . ; n r g;
Bx 6 Cy; y 2 f0; 1g; x; g 2 R þ :
According to above descriptions, the robust counterpart of the proposed market to market closed-loop supply chain network (RMMCSCN) design problem with uncertain demands, returns and transportation costs given by box sets is equivalent to the following MILP problem: 
T in 6 cd n ; 8n 2 N; Y i ; Z j ; W m 2 f0; 1g; 8i 2 I; 8j 2 J; 8m 2 M;
Computational experiments
To assess the performance of RMMCSCN model, several numerical experiments are implemented and the related results are reported in this section. To this aim, four test problems with different sizes are considered and for each size, the experiments are performed under three different uncertainty levels (i.e., q = 0.2, 0.5, 1). First, the robust and deterministic models are solved under nominal data. Nominal data are randomly generated using the random distributions specified in Table 2 . Then, under each uncertainty level, five random realizations are uniformly generated in the corresponding uncertainty set (i.e., $[nominal value À q G * , nominal value + q G *]) to analyze the performance of the solutions obtained by the proposed robust and deterministic models. The models are allowed to update their tactical decision variables regarding the flow quantities between network facilities (i.e., the continuous variables) under each realization. However, since determining the number and location of facilities are strategic level decisions and cannot be changed in the short time [4] , the location and the number of facilities (i.e., the binary variables) cannot be changed under realizations.
Both the deterministic and robust models are solved by ILOG CPLEX 10.1 optimization software and all tests are carried out on a Pentium dual-core 1.40 GHz computer with 3 GB RAM. Two performance measures are used to evaluate both the robust and deterministic models: the mean and standard deviation of objective function values under random realizations.
First, the uncertainty is considered only for transportation costs and demands and the returns are assumed to be deterministic (i.e., q r = 0). Additionally, we vary the uncertainty level for transportation costs and demands equally (i.e., Table 2 The sources of random generation of the nominal data.
Parameter
Corresponding random distribution
$ Uniform (2000, 3000) cd n $ Uniform (800, 1000) f i $ Uniform (210,000, 2,400,000) g j $ Uniform (4,500,000, 4,900,000) h m $ Uniform (160,000, 200,000) c ki ,a ij ,b jm ,e ml ,v in $ Uniform (40, 55) p l $ Uniform (4500, 6000) 
to analyze the impact of uncertainty level on the objective function value. The results of experiments under uncertain transportation costs and demands are reported in Table 3 . As the results show, the robust model gained the solutions with both higher quality and lower standard deviations than the deterministic model. In all problems, except problem ''10*5*3*5*10*2" with q = 0.2, the robust approach dominates the deterministic one with respect to mean of objective function values. Also, with respect to standard deviation, the robust approach dominates the deterministic one in all problems with a high difference.
The results imply that the robust strategy has a better performance on the large-sized problems and also higher uncertainty levels versus the deterministic one. The gap between the two approaches with respect to both two performance measures (particularly for standard deviation) widens as the problem size and uncertainty level increase. Figs. 2 and 3 illustrated this issue clearly.
In the next step, we extend the uncertainty to the quantity of returned products. The important difference between these experiments and the pervious ones is that when the experiments are performed under uncertain returns, the deterministic model may results in infeasible solutions. This case happens when the capacities of opened facilities are not enough to collect all the returned products. This issue makes the use of robust approach quite acceptable when the uncertainty is extended from transportation costs and demands to the returned products. To assess the performance of proposed robust model in the new condition, four test problems are generated and the experiments are performed under different uncertainty levels.
The uncertainty levels for transportation costs, demands and returns are assumed to be equal to (q c = q a = q b = q e = q v = q d = q r ) to make the performance analysis of both robust and deterministic models more convenient. Accordingly, the numerical experiments are performed under new condition and the related results are reported in Table 4 .
As the results in Table 4 show, the robust model determines the number and location of facilities in the way that they can satisfy the returns in the worst case scenario, thus more facilities or facilities with higher capacities are opened when compared with the deterministic model. In the other words, the robust model results in a more decentralized network structure. On the other hand, the deterministic model obtains more efficient solutions for nominal data, but it results in infeasible solu- tions for the most of other realizations. The rate of infeasibility for the deterministic model is increased in the higher uncertainty levels (for example see the results for q = 1 in Table 4 ). Thus, using the robust model for high uncertainty levels is quite acceptable in these cases. 
Conclusions
To cope with the issue of uncertain parameters in the supply chain network design problem, this paper proposes a robust optimization model based on the recent extensions in robust optimization theory. The supply chain network considered in this paper is a closed-loop supply chain network including customers at the first and second markets. First, a mixed-integer programming model is developed for designing the closed-loop supply chain network. To extend the proposed model to be capable of handling uncertain data, the quantity of returned products from the first market customers, the demands of second market customers and the transportation costs between facilities are assumed to be varied in an uncertain closed box set. Then, the related semi-definite model is formulated according to uncertain parameters. Finally, the tractable robust counterpart of the proposed deterministic model is developed to find the robust solutions. Computational results show the superiority of the proposed robust model in both handling the uncertain data and the robustness of respective solutions against to the solutions obtained by the deterministic model.
To the best of our knowledge, the literature of supply chain network design considering robustness is still in its infancy and this paper is one of the primary works applying the robust optimization approach for the supply chain network design problem under uncertainty. Thus, many possible future research directions can be defined in this area. For example, addressing the problem in a multi-product setting and maximizing the responsiveness of the network as an another objective besides minimizing the total costs in which leads to a multi-objective robust optimization problem, may be two attractive directions for future research. Developing more general and advanced robust optimization models is another attractive aspect. For example, more general forms of uncertainty sets (such as ellipsoidal uncertainty sets) can be considered in developing robust optimization models for supply chain network design.
